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Abstract—Selecting the right crop for a particular land condition is one of the significant challenges in the agricultural sector.
Each crop type has specific needs related to environmental factors such as soil type, pH, humidity, rainfall, and temperature.
Mistakes in determining the appropriate crop type can result in decreased production, wastage of resources, and losses for
farmers. This paper aims to determine the best model for use as a knowledge base to choose suitable plants for soil
conditions. Machine learning algorithms were used to identify patterns of relationships between land conditions and the
success of certain crop types to assist in selecting suitable crops and then made a knowledge-based decision support system.
Algorithms such as Decision Tree, Random Forest, Support Vector Machine (SVM), and k-Nearest Neighbor (k-NN) have
been applied to solve this problem. In this paper, 30 experiments were conducted to test the stability of the model in
determining suitable crops based on land conditions. The results of the experiments showed that the Support VVector Machine
(SVM) has a more stable performance than other algorithms, with accuracy values of mean and standard deviation of 1 and 0,
respectively.
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1. INTRODUCTION

Agricultural land is one of the most essential natural resources for human life in food production, economy, and
environmental sustainability. The existence of healthy and productive agricultural land also has a direct impact
on food security, farmer welfare, and the socio-economic stability of the community [1]. Agricultural land
produces various food products, such as rice, corn, wheat, vegetables, fruits, and other commodities. With the
increasing world population, the need for food is increasing. Therefore, sufficient and productive agricultural
land is essential for a sustainable food supply. Agricultural land provides food products and becomes a resource
for industrial raw materials and renewable energy, such as corn, cotton, palm oil, sugar cane, and soybeans,
which produce vegetable oil, sugar, textiles, and bioenergy. Agriculture is a source of livelihood for millions of
farmers who depend on the output of agricultural land for their livelihoods [2]. Therefore, the availability and
management of good agricultural land are crucial to support economic growth, reduce poverty rates, and increase
income and community welfare, especially in rural areas. Fertile and reliable land conditions are also essential to
maintain socio-economic stability in rural areas. When agricultural land is well managed, it can improve farmers'
welfare, reduce poverty, and improve their access to education and health services [3]. Advanced agricultural
technology and data-based management also provide great opportunities to increase the productivity of limited
agricultural land.

Determining the type of crops based on soil conditions is a crucial step in agriculture that can affect the
results and success of agricultural production [4]. Soil has physical, chemical, and biological characteristics that
significantly affect plant growth [5]. Therefore, understanding good soil conditions for each crop type is essential
to maximize agricultural productivity and sustainability [6]. Soil with high sand content has good drainage, but
water retention and soil fertility tend to be low [7]. Plants suitable for sandy soil do not require high humidity,
such as corn, soybeans, and secondary crops [8]. Soil with high clay content tends to be denser, stores water well
and has high fertility, but drainage is less than optimal [9]. Plants suitable for clay soil are rice, soybeans, or
vegetables such as cabbage and carrots. Meanwhile, soil containing a mixture of sand, silt, and clay has an ideal
texture for many plants. Some plants suitable for clay soil include rice, corn, and chilies [10].

An Acidic Soil pH (pH < 6) is soil that is too acidic and can inhibit the availability of nutrients for plants
[11]. Plants that are more resistant to acidic pH are plants such as rice, potatoes, tea, and coffee. Neutral Soil pH
(pH 6 - 7) is a neutral pH with ideal soil conditions for most plants—suitable agricultural plants such as
tomatoes, chilies, corn, and rice. Alkaline soil pH (pH > 7) in a high or alkaline pH is suitable for wheat, garlic,
and several horticultural plants that are more resistant to alkaline soil conditions [12]. Soil with sufficient
nutrient content is critical to support plant growth . Plants such as corn, green vegetables such as spinach and
kale, and legumes need large amounts of nitrogen. Plants that produce fruit or tubers, such as tomatoes, potatoes,
and carrots, need enough phosphorus and potassium in the soil to accelerate the flowering and ripening process
of the fruit. Plants such as rice, sweet potatoes, and horticultural plants such as mustard greens and lettuce grow
well in soil that has high humidity and can store water well. Some crops, such as corn, sorghum, and herbs like
oregano and thyme, do better in well-drained soil and not too wet. Well-drained soil allows water to drain
smoothly, avoiding puddles that can cause root rot [13]. Crops such as corn, tomatoes, and soybeans do well in
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soil with good drainage. Meanwhile, soil that has poor drainage or tends to be waterlogged is suitable for crops
resistant to water or puddles, such as rice and aquatic plants. In addition, the organic matter content in the soil
contributes significantly to soil fertility. Soil with a high organic matter content, such as humus, is more fertile
and can retain moisture and provide nutrients continuously. Plants such as vegetables and fruits will grow better
in soil rich in organic matter.

A knowledge-based system (KBS) is a computer system that uses a knowledge base to solve problems or
make decisions that usually require human expertise. KBS is designed to imitate experts' thinking and decision-
making abilities in a particular field [14]. This system functions by storing and processing relevant information
to help provide the right solution, similar to how humans solve problems using their knowledge. KBS works
based on three main components: the knowledge base, inference engine, and user interface. The knowledge base
contains a collection of facts, rules, or heuristics obtained from experts in a particular field. This knowledge can
be in raw data, rules to follow, or more complex information for analysis and problem-solving. The inference
engine is responsible for processing the information in the knowledge base. This engine makes decisions or
suggests solutions based on existing facts and rules by using inference or reasoning techniques.

Meanwhile, the user interface allows users to interact with the system, provide input, and receive output.
In many modern KBS, the user interface is also designed to be more intuitive, even for users who do not have
technical knowledge. One type of KBS is decision support systems (DSS) [15]. DSS integrates various sources
of knowledge to help decision-makers choose the best alternative [16]. This system focuses more on data
processing and analytical models that enable business leaders to make better decisions based on data.
Developing a knowledge-based system begins with collecting knowledge from various sources, especially
experts in the relevant field. DSS can help farmers, land managers, and policymakers make more informed, data-
driven decisions to improve agricultural productivity, efficiency, and sustainability [17]. Computer-based
systems that allow users to make complex decisions using data, analytical models, and related knowledge. DSS
integrates various information and resources in agriculture, such as weather data, soil conditions, cropping
patterns, and market prices, to advise farmers or policymakers [18]. In general, the main objectives of DSS in
agriculture are to improve operational efficiency, optimize agricultural output, minimize risk of losses, and
support the long-term sustainability of food production. The expectation obtained when relying on DSS is that it
can provide the right decisions in proper crop management based on data parameters caught by sensors. DSS
helps farmers choose crops with optimal yield potential and reduce losses due to crop failure [19]. DSS also
allows farmers to optimize using fertilizers, water, and pesticides. This system can calculate the proper dosage
according to soil and crop conditions, reducing waste and negative environmental impacts. DSS can help farmers
plan planting and harvesting times more precisely by exploiting weather data and crop yield prediction models
[20]. Maximizing yields and minimizing losses due to bad weather or market fluctuations is very important.
Agricultural DSS can help farmers manage risks associated with climate change, pests, plant diseases, or
changes in market prices. By using recorded and predictive data, this approach provides a more pleasing
understanding of potential risks and mitigation steps that it can take. DSS also supports sustainable agricultural
practices by providing information on more environmentally friendly methods, such as using organic fertilizers
or chemical-free farming techniques [21]. This system helps farmers understand and implement more
environmentally friendly processes. Considering various environmental factors, this system helps farmers choose
suitable crops to plant. One method that can be used in agricultural DSS is classification with labels such as rice,
maize, mung bean, watermelon, and muskmelon. By utilizing classification, this DSS will provide
recommendations for the types of crops most suitable for an area's land and climate conditions, which will help
farmers make better decisions and increase their agricultural yields.

This paper is organized to make it easier for readers to understand the research conducted. After the
Introduction section, which provides an overview of the topic and objectives of the research, the paper is divided
into several main sections. In this paper, these sections consist of Research Methodology, Results and
Discussion, and Conclusions. Each section has a vital role in conveying information systematically and in-depth.
The research methodology explains in detail how the research was conducted. It includes the research design, the
sample or object studied, data collection techniques, and the tools and methods of analysis used. A clear
explanation of the methodology is essential so that the research can be replicated or well understood by other
readers. The following section presents the results and discussion, which presents the main findings of the
research that has been conducted. It is accompanied by tables, graphs, or diagrams to support the explanation,
presenting facts and data found during the research. The last section of the scientific paper is the conclusion,
which summarizes the main findings and implications of the research that has been conducted. In this section,
the author draws conclusions based on the results and discussions that have been presented previously.

2. RESEARCH METHODOLOGY

Decision Support System (DSS) is a computer-based system that provides support in decision-making by
processing and analyzing relevant data [22]. In agriculture, DSS aims to help farmers, farm managers, or
governments make more informed decisions about things like selecting commodities to be planted, applying
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cultivation techniques, and the right time to plant or harvest. Classification in DSS is the process of grouping
data into specific categories based on certain characteristics or attributes. In this case, classification can be used
to identify or predict the types of plants most suitable to be planted in a location based on factors such as soil
content of nitrogen, phosphorus, potassium, pH, rainfall, temperature, and humidity. The process flow of this
research is shown in Figure 1.
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Figure 1. Flow Diagram of The Knowledge-Based Decision Support System for Determining Agriculture Crops

The dataset used was obtained from a 7-in-1 soil sensor, which measures various vital parameters related
to soil conditions. This dataset was then adjusted to agronomic knowledge about the types of plants suitable for
the soil conditions of the agriculture fields. Five hundred data were collected and divided into two parts: 375 data
for the training process and 125 data for testing. The method implemented in this study is ensemble learning,
which are Decision Tree, Random Forest, Support Vector Machine (SVM), and K-Nearest Neighbor (KNN).
The learning process is not carried out only once but is carried out 30 times to test the consistency of the model.

2.1 Classification Parameters

The classification process in agricultural DSS to select the right plants involves several stages. The first step in
this system is the collection of relevant data. The data used can include various information such as:

1. Soil conditions: soil pH, soil texture, nutrient content.

2. Climate: average temperature, rainfall, air humidity.

3. Topography: land slope, height above sea level.

4. Socio-economic conditions: market type, demand for agricultural products, and resource needs.

This paper only deals with information on soil conditions or nutrient content such as nitrogen,
phosphorus, and potassium, as well as temperature, humidity, soil pH, and rainfall. The labels used in this
classification refer to the types of plants that Indonesian farmers generally cultivate. Each type of plant has
different needs and characteristics, so choosing plants suitable for local conditions is essential. Information about
each label in this paper, namely:

1. Rice is Indonesia's leading food crop, requiring saturated soil conditions and sufficient rainfall.

2. Maize is a food crop that is more flexible than rice because it can grow in various types of soil and climates.
Maize requires warm temperatures and moderate rainfall.

3. Mung Beans are legumes tolerant to dry soil and hot temperatures. This plant is more suitable for planting in
areas with low rainfall and rather dry soil.

4. Watermelon is a seasonal fruit that requires a hot climate and fertile soil with good drainage.

5. Muskmelon requires conditions like those of watermelon, namely a warm climate and loose soil with good
drainage.

The data used in this paper amounted to 100 for each classification label, for a total of 500.

2.2 Preprocessing

After the data is collected, it must be cleaned and prepared so that it is ready for processing. This data processing
includes several steps, such as:
1. Dealing with missing or incomplete data.
2. Normalizing or standardizing the data to ensure each feature (such as soil temperature or pH) has a similar
scale.

3. Feature selection to select the most relevant variables to the classification.

These data are separated into training and testing data with a ratio of 75% and 25%, respectively. Thus,
the data applied were 375 and 125 data.

Copyright © 2024 Author, Page 255
This Journal is licensed under a Creative Commons Attribution 4.0 International License



Journal of Computer System and Informatics (JoSYC)
ISSN 2714-8912 (media online), ISSN 2714-7150 (media cetak)
Volume 6, No. 1, November 2024, Page 253-264
https://ejurnal.seminar-id.com/index.php/josyc

DOI 10.47065/josyc.v6il1.6254

2.3 Modeling

Once the data is ready, the next step is to choose the correct classification algorithm. The algorithms used in

agricultural classification in this paper are:
a. Decision Tree, which functions to make decisions based on a series of questions that divide the data. It can be

written as pseudocode shown on Algorithm 1.

Table 1. Pseudocode Decision Tree Algorithm

Algorithm 1. Decision Tree

1
2
3
4
5
6
7
8

9
10
11
12
13
14
15
16

IF data «— ©
RETURN MajorityClass(data)
IF attributes — ©
RETURN MajorityClass(data)
BestAttribute < ChooseBestAttribute(data, attributes)
TreeNode < CreateNode(bestAttribute)
AttributeValues < GetPossibleValues(BestAttribute)
FOR value « attributeValues
Subset = FilterDataByAttributeValue(data, BestAttribute, value)
IF subset <— NOT ©
Subtree — DecisionTreelLearning(subset, RemoveAttribute(attributes,
BestAttribute))
AttachSubtreeToNode(TreeNode, value, Subtree)
ELSE
Leaf < MajorityClass(data)
AttachLeafToNode(treeNode, value, Leaf)
RETURN TreeNode

b. Random Forest, which combines many decision trees to increase accuracy. Its working principle is shown in
algorithm 2.

Table 2. Pseudocode Random Forest Algorithm

Algorithm 2. Random Forest

1
2
3
4
5
6
7
8

9

10
11
12
13
14
15
16
17
18
19
20
21
22
23

forest =]

FOR i=1tonTrees
BootstrapData = BootstrapSample(trainingData)
Tree = BuildDecisionTree(bootstrapData, mFeatures)
AddTreeToForest(forest, tree)

RETURN forest

Function BuildDecisionTree(data, mFeatures)
IF StoppingConditionMet(data)

RETURN CreateleafNode(data)
featuresToConsider = RandomlySelectFeatures(data, mFeatures)
bestFeature = ChooseBestFeature(data, featuresToConsider)
treeNode = CreateNode(bestFeature)
subsets = SplitData(data, bestFeature)

FOR subset « subsets
childNode = BuildDecisionTree(subset, mFeatures)
AttachChildNode(treeNode, childNode)
RETURN treeNode
predictions =[]
FOR tree « forest
prediction = PredictWithTree(tree, testData)
AddPredictionToResults(predictions, prediction)
finalPrediction = MajorityVoting(predictions)
RETURN finalPrediction

c. Support Vector Machine (SVM) is an algorithm that functions to find the best line or hyperplane by
distinguishing categories in the data. Its working principle is shown in algorithm 3.

Table 3. Pseudocode Support Vector Machine Algorithm

Algorithm 3. Support Vector Machine

1
2

Kernel « linear, polynomial, RBF
Regularization C
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Algorithm 3. Support Vector Machine
Matrices «<— (Kernel function « K(x;, X}))
Minimize 0.5 * [|w||> + C * 2(&)
Subjectto: y; * (Wex;+b)>1

& for each i, &: slack variable & b: bias
fx)=wex+b

Find f(x"

IFf(x)>0

10 X' < positive

11 IFf(x) <0

12 X'« negative

13 RETURN finalPrediction

d. k-Nearest Neighbors (k-NN) has a principle of data classification based on its proximity to other data that has
been grouped. Its working principle is shown in algorithm 4.

©O©oo~NO O bhWw

Table 4. Pseudocode k-Nearest Neighbors Algorithm

Algorithm 4. k-Nearest Neighbors

Nearest Neighbors < k

data «— X'

centroid «— X

FOR i in data
Find a distance between x' & each centroid
Save a distance with class label of each data

Sort all data

Select sampel k with closest to x'

Find majority of Nearest Neighbors k

10 RETURN finalPrediction

O©ooO~NO O WNPE

This classification model is trained using processed data to identify patterns or relationships between
environmental variables and suitable plant types.

2.4 Model Evaluation

Once the model is trained, it must be tested using test data. This ensures that the model not only memorizes the
training data but can also accurately classify new data. The model evaluation uses accuracy, but to see the
consistency of the model, 30 experiments are needed, which are then analyzed statistically. It is to get the best
model.

2.5 System Implementation

Once the model is ready and tested, the system can provide recommendations to farmers. Based on the input data
on land and climate conditions, the system will suggest the types of crops that are most suitable to be planted. It
will help farmers choose suitable crops to increase their yields.

3. RESULT AND DISCUSSION

The dataset used in this study is shown in Figure 2. This dataset was obtained through a 7-in-1 soil sensor that
measures various important parameters, such as humidity, temperature, pH, and soil nutrient levels. The labels
indicate the suitability of the soil for multiple types of plants.

N P K temperature humidity | ph rainfall label
0 90 42 43 20879744 82.002744 6502985 202.935536 rice
1 85 58 41 21770462 30319644 T.038096 226655537 rice
2 B0 55 44 23.004459 82320763  7.840207 263.064248 rice
3 74 35 40 26491096 80.158363 6.980401 242.854034 rice
4 78 42 42 20130175 81.604873 7628473 262717340 rice

Figure 2. Some examples of datasets used to determine the parameters used to determine suitable crops

This paper encodes the kinds of plants such as maize, mungbean, muskmelon, rice, and watermelon into
0, 1, 2, 3, and 4, respectively. It is shown in Table 1.
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Table 1. Label encoding of crop names

No Crop Name Label Encoding

1 Maize 0
2 Mungbean 1
3 Muskmelon 2
4  Rice 3
5 Watermelon 4

Encoding data into numeric format efficiently prepares categorical data before being processed by a
machine learning model. Assigning unique values to each category can help the model identify differences
between plant types in a way that is easy to understand and compute.

A histogram can show how spread out or variable the data is. A wide spread of data can be seen from a
broader range histogram, while data consistently in a small interval tends to show a narrower spread. The
histogram of each parameter used in training the machine learning model is shown in Figure 3.
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Figure 3. Histograms of Each Parameter Uses Ten Bins for Each Parameter
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In Figure 3, the pH dataset's histogram graph is almost symmetrical compared to the others, all of which
have bimodal graphs. A histogram is also helpful for comparing two data groups and can see patterns of change
or differences in distribution between the two periods. If the histogram is bell-shaped, it indicates that the data
tends to be normally distributed. If there are bins with very low frequencies on the histogram's left or right ends,
this shows very low or very high data. By visualizing the frequency of occurrence of data in specific bins,
histograms provide insight into the essential characteristics of the data that can be used for decision-making and
further analysis. A comparison between the two parameter data is shown in Figure 4.
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In addition, a boxplot representation for summarizing data distribution and providing an overview of the
spread, the position of the data, and potential outliers. Boxplots present data in a simple yet informative form,
focusing on five main data measures, namely the minimum, first quartile (Q1), median (Q2), third quartile (Q3),

and maximum. Boxplots of each dataset parameter are shown in Figure 5.
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Figure 5. Boxplots of Each Dataset Parameter on Each Label

From the boxplot, it can be seen that the distribution of labeling has varying means and distributions. For
each algorithm, 30 tests were conducted. The mean and standard deviation (Std) of each test result were then
calculated to evaluate the average performance and consistency of the model. The mean indicates the average
accuracy score, or other metrics generated from each experiment, while the standard deviation shows the scores'
variable or consistency. Table 2 shows the results of this experiment.
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Table 2. The results of 30 experiments to see the consistency of a model through accuracy

Model

No Decision Tree  Support Vector Machine Random Forest k-Nearest Neighbors
1 1 1 0.992 1

2 0.992 1 0.992 0,992
3 1 1 1 1

4 0.992 1 1 1

5 1 1 1 1

6 1 1 1 0,992
7 0.992 1 0.992 0,992
8 1 1 1 1

9 0.992 1 1 1
10 1 1 1 0,992
11 0.992 1 0.992 0,992
12 1 1 1 1
13 0.992 1 1 1
14 1 1 0.992 1
15 0.992 1 0.992 0,992
16 1 1 1 1
17 0.992 1 1 1
18 1 1 1 1
19 1 1 1 0,992
20 0.992 1 0.992 0,992
21 1 1 1 1
22 0.992 1 1 1
23 1 1 0.992 1
24 1 1 1 0,992
25 0.992 1 0.992 0,992
26 1 1 1 1
27 0.992 1 1 1
28 1 1 1 0,992
29 0.992 1 1 1
30 1 1 0.992 1

Mean 0.996533 1 0.997333 0.997067

Std 0.004032 0 0.003836 0.003921

The mean of Support Vector Machine (SVM) has the highest average score compared to the other
algorithms, indicating that this method is more accurate in classifying data over 30 experiments. The standard
deviation of SVM is low, indicating good consistency. In other words, the performance of SVM is relatively
stable and does not change much between experiments. The mean of Random Forest is slightly lower than SVM
but still higher than k-Nearest Neighbors (k-NN) and Decision Tree. The Std of Random Forest has a lower
standard deviation than k-NN and Decision Tree, which means that this model is relatively consistent in its
performance, although not as high as SVM.Best Performance on SVM: The experimental results show that SVM
has the highest mean and low standard deviation, indicating that SVM is accurate and consistent in its
performance. This algorithm separates data around the hyperplane, primarily when the data is distributed in a
pattern that a large margin can separate. This stability makes SVM a good choice for cases where accuracy and
consistency are crucial. Random Forest is Superior to k-NN and Decision Tree: Random Forest has a higher
mean than k-NN and Decision Tree, indicating that this ensemble technique can utilize many decision trees to
improve accuracy. Combining many trees and a Random Forest can reduce overfitting, which is often a problem
in a single Decision Tree. In addition, the low standard deviation of Random Forest indicates good stability,
making this model reliable in repeated experiments.

This experiment used hyperparameter tuning on these algorithms. The technique used for tuning is Grid
Search, which performs an exhaustive search on all possible parameter combinations to find the best
configuration that provides optimal performance for each model. After the tuning process, the results showed an
increase in performance for all models compared to the previous experiment without tuning. The results of
hyperparameter tuning for each model are presented in Table 3, which includes the optimal parameters
successfully found through Grid Search.

Table 3. Optimal parameters of the models

No Model Parameter
1 Decision Tree splitter: best
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No Model Parameter
2 SVM c: 1, kernel: radial basis function (rbf)
3 Random Forest n_estimators: 5

4 Kk-Nearest Neighbors n_neighbors: 5, weights: uniform

The tuning results show that hyperparameter tuning with Grid Search can significantly improve the
model's performance. This improvement is especially visible in the SVM and Random Forest models, which
both have higher average accuracy and lower standard deviation after tuning. In this experiment involving
classifying fruit types, specifically muskmelon and watermelon, the accuracy results were 0.992 or 99.2%.
Although this level of accuracy is very high, several cases of inaccuracy or prediction errors are interesting to
analyze further. One of the main factors contributing to this error is the similarity of variables between
muskmelon and watermelon, which causes the model to need help distinguishing between the two classes, as
shown in Figure 6.

Pradicted

0 1 2 3 4
Original

Figure 6. Heatmap of Classification Model Evaluation

In Figure 6, the distribution of muskmelon and watermelon variables shares several characteristics. This
visualization shows the areas where the variables of the two types of fruit overlap, which is a source of
prediction errors for the model. So, the SVM model is the implementation result used in determining agricultural
crops suitable for several condition parameters of the selected land.

4. CONCLUSION

A classification-based decision support system (DSS) with labels for maize, mungbeans, muskmelon, rice, and
watermelon can be a handy tool for farmers in selecting the most suitable crops for their environmental
conditions. Using relevant data and appropriate classification algorithms, this DSS can help increase agricultural
productivity, reduce the risk of crop failure, and support more efficient management of natural resources. The
Ensemble Learning method for determining crops can produce fast and precise decision computations. The
reliability of the technique is because the parameters used have significant differences so that the machine
learning algorithm can obtain the pattern. Decision Tree breaks down data based on certain features, forming a
decision tree structure. Each branch on the tree represents a decision that leads to a class or category prediction.
In the context of plant selection, Decision Tree can be used to determine plant types based on land factors
hierarchically. Random Forest is generally more powerful than Decision Tree because it reduces overfitting and
provides more stable results. Support Vector Machine (SVM) is an algorithm that separates data into different
classes by finding a hyperplane that maximizes the margin between classes. In plant selection, SVM can better
help separate suitable and unsuitable plant types, especially if the data is not linearly distributed. K-Nearest
Neighbor (k-NN) classifies new samples based on their similarity to existing samples. K-NN can predict the
most likely suitable plants by looking for plants on similar land. In this paper, 30 experiments were conducted to
test the stability of the model in determining suitable crops based on land conditions. The experimental results
show that Support Vector Machine (SVM) has a more stable performance than other algorithms. The best results
were obtained by SVM modeling with an average accuracy value and standard deviation of 1+0. Stability is
measured based on the model's ability to produce consistent prediction results over several trials. Factors that
influence this stability come from the nature of SVM, which is very effective in handling data with large margins
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and separating classes and is suitable for land conditions with unique characteristics. In the future, applying this
technology can be essential in realizing a more sustainable and profitable agriculture for farmers.
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